
Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.452

Optimum-contribution selection using pedigree relationships to control
inbreeding realises more genetic gain than genomic relationships at the
same rate of true inbreeding

M. Henryon1, H. Liu2, P. Berg2,3, G. Su2, H.M. Nielsen1 & A.C. Sørensen2

1 SEGES, Danish Pig Research Centre, Axeltorv 3, 1609 Copenhagen V, Denmark
mahe@seges.dk (Corresponding Author)
2Aarhus University, Institute for Molecular Biology and Genetics, P.O. Box 50, 8830 Tjele,
Denmark
3Norwegian University of Life Sciences, P.O. Box 5003, 1430 Ås, Norway

Summary

We tested the premise that optimum-contribution selection using pedigree relationships to
control inbreeding (POCS) realises at least as much genetic gain as optimum-contribution
selection using genomic relationships (GOCS) at the same rate of true inbreeding. We used
stochastic simulation to estimate rates of genetic gain realised by POCS and GOCS at 1% rate
of true inbreeding in three breeding schemes with pedigree and genomic-based BLUP-EBV.
The breeding schemes differed for number of matings and litter size. We found that POCS
realised more genetic gain than GOCS in each breeding scheme. POCS realised 14-33% more
genetic gain than GOCS with pedigree-based BLUP-EBV. It realised 2-6% more genetic gain
than GOCS with genomic-based BLUP-EBV. POCS realised more genetic gain because it
only controlled expected genetic drift, which allowed the frequency of favourable QTL alleles
to increase. By contrast, GOCS traced and penalised changes in marker-allele frequencies
brought about by genetic drift and selection, which limited changes in the frequency of QTL
alleles. On the surface, this provides little incentive to use GOCS, but it could also mean that
we have not learnt to manage rates of true inbreeding with genomic relationships. Until we
learn to do so, POCS remains a worthy method of optimum-contribution selection.
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Introduction

Optimum-contribution selection (OCS) using genomic relationships to control inbreeding
became state-of-the-art in the genomics era when Sonesson et al. (2012) used stochastic
simulation to conclude that information used to predict breeding values should also be used to
control inbreeding. Their reasoning was that OCS using genomic relationships to control
inbreeding (GOCS) predicted rates of true inbreeding (DFtrue) more accurately when it was
used with genomic-based BLUP-EBV (GBLUP). OCS using pedigree relationships (POCS)
predicted DFtrue more accurately with pedigree-based BLUP-EBV (PBLUP). However, this
reasoning overlooked genetic gain. When we looked closely at their results, we saw that
POCS realised more genetic gain than GOCS, even at similar DFtrue. We are generally
supported by Clark et al. (2013), who found that, with few exceptions, POCS realised just as
much genetic gain as GOCS with PBLUP and GBLUP, despite being compared at the same
rates of genomic inbreeding. Comparing POCS and GOC at the same rates of genomic
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inbreeding, rather than rates of true inbreeding, would have favoured GOCS, given that
GOCS used genomic relationships to control inbreeding. Our interpretation of these studies
led us to believe that POCS realises at least as much genetic gain as GOCS at the same DFtrue.
We tested this premise by stochastic simulation in three breeding schemes.

Material and methods

Procedure

We used stochastic simulation to estimate rates of genetic gain realised by POCS and GOCS
at 1% DFtrue in three breeding schemes with PBLUP and GBLUP. The breeding schemes
differed for number of matings and litter size. Selection was for a single trait with heritability
0.2 and additive-genetic variance 1.0. The trait was controlled by 7702 biallelic QTL
distributed across a 30M genome. The genome contained 54218 biallelic genetic markers that
were used in GOCS and GBLUP. An additional 6012 identity-by-descent markers were
placed evenly across the genome to calculate DFtrue. Linkage disequilibrium between QTL and
genetic-marker alleles was established in a founder population using a Fisher-Wright
inheritance model. Each simulation replicate was initiated by sampling a base population
from the founder population. Genotypes of animals in subsequent generations were sampled
following Mendel’s laws of inheritance and using the Haldane-mapping function to simulate
recombination. Selection candidates were genotyped and phenotyped before selection. The
breeding schemes were run for 10 discrete generations (t = 1, … 10) and replicated 200 times.

Breeding schemes

M100L5. A total of 100 matings were allocated to 500 selection candidates (approx. 250
males and 250 females) by OCS in each generation. Males were allocated 0, 1, 2 … or 100
matings. One hundred females were allocated a single mating. The 100 sire and dam matings
were paired randomly. Each pairing (dam) produced five offspring, resulting in 100 full-sib
families and 500 offspring. Offspring were assigned as males and females with a probability
of 0.5.

M25L5. As for M100L5 with two exceptions. First, a total of 25 matings were allocated to
125 candidates (approx. 62 males and 62 female). Males were allocated 0, 1, 2 … or 25
matings and 25 females were allocated a single mating. Second, each dam produced five
offspring, resulting in 25 full-sib families and 125 offspring.

M25L20. As for M100L5 with two exceptions. First, a total of 25 matings were allocated to
500 candidates (approx. 250 males and 250 females). Males were allocated 0, 1, 2 … or 25
matings and 25 females were allocated a single mating. Second, each dam produced 20
offspring, resulting in 25 full-sib families and 500 offspring.

Optimum-contribution selection

POCS was carried out by maximising , where c is a vector of genetic
contributions to the next generation, â is a vector of PBLUP or GBLUP-EBV, ω is a penalty
applied to the average-estimated relationship of the next generation, and A is a numerator-



Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.452

relationship matrix (Henryon et al., 2015). GOCS was carried out by replacing A with the
genomic-relationship matrix, G.

The genomic-relationship matrices used in GOCS and GBLUP were calculated as G = ZZ'/s,
where Z = M-1(2p)' is a matrix of counts of the second allele at the 54218 marker loci
relative to the mean counts in the base population,M is a matrix of counts of the second allele
at each marker locus (Mij = 0, 1, or 2 at element ij), 1 is a vector with all elements equal to
one, p is a vector with frequencies of the second allele at each marker locus in the base
population, and s = 2p'(1-p) (adapted from VanRaden, 2008).

Data analysis

Rate of genetic gain was calculated as the linear regression of St on t, where St is the average
true breeding value of animals born at times t = 4 … 10. DFtrue at 1% was calculated as 1-
exp(β), where β is the linear regression of ln(1-Ft) on t and Ft is the average coefficient of true
inbreeding for animals born at times t = 4 … 10. The coefficient of true inbreeding for each
animal was measured using the 6012 identity-by-descent markers.

Results

POCS realised more genetic gain than GOCS at 1% DFtrue in our three breeding schemes
(Table 1). POCS realised 14-33% more genetic gain than GOCS with PBLUP. It realised 2-
6% more genetic gain than GOCS with GBLUP.

Table 1. Rates of genetic gain (mean ± s.d.) realised by POCS and GOCS at 1% DFtrue with
PBLUP and GBLUP in three breeding schemes.

Prediction Breeding scheme OCS Rate of genetic gain

PBLUP M100L5 POCS 0.55 ± 0.047
GOCS 0.48 ± 0.047

M25L5 POCS 0.38 ± 0.048
GOCS 0.32 ± 0.055

M25L20 POCS 0.57 ± 0.049
GOCS 0.43 ± 0.043

GBLUP M100L5 POCS 0.66 ± 0.046
GOCS 0.65 ± 0.042

M25L5 POCS 0.40 ± 0.054
GOCS 0.39 ± 0.055

M25L20 POCS 0.70 ± 0.049
GOCS 0.66 ± 0.048
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Discussion

Our findings supported our premise that POCS realises at least as much genetic gain as
GOCS at the same DFtrue. POCS performed better than GOCS, regardless of the information
we used to predict breeding values or the breeding schemes that we simulated. This makes
POCS attractive to use in practical breeding schemes, including those schemes that use
genomic information to predict breeding values. Our findings are generally supported by the
results of Sonesson et al. (2012) and Clark et al. (2013), but not the conclusion of Sonesson
et al. (2012), who reasoned that the information used to predict breeding values should also
be used to control inbreeding. It would be worthwhile to reassess the conclusion of Sonesson
et al. (2012), given that their study led to GOCS becoming state-of-the-art in the genomics
era. On the surface, there is little incentive to use GOCS, but it could also mean that we have
not learnt to manage DFtrue with genomic relationships. Until we learn to do so, POCS
remains a worthy method of OCS because it realises at least as much genetic gain as GOCS at
the same DFtrue.

POCS realised more genetic gain than GOCS at the same DFtrue because it only
controlled expected genetic drift, which allowed the frequency of favourable QTL alleles to
increase. By contrast, GOCS traced and penalised changes in marker-allele frequencies
brought about by genetic drift and selection. It applied a penalty to c'Gc = c'ZZ'c/s, where
Z'c/2 is a vector of allele-frequency changes at each marker locus, measured as deviations
from allele frequencies in the base population (Woolliams et al., 2015). Penalising c'Gc
penalised the sum of squared changes in allele frequencies over all marker loci: allele-
frequency changes were penalised quadratically and alleles with the largest frequency changes
were penalised hardest. Given that these marker alleles were in linkage disequilibrium with
QTL alleles, this limited changes in QTL-allele frequencies. Therefore, by controlling
expected genetic drift, POCS realised more genetic gain than GOCS at the same DFtrue
because it did not penalise changes in marker-allele frequencies, allowing larger increases in
the frequency of favourable-QTL alleles.
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